rganophosphate pesticides (OPPs) play an important role in increasing agriculture productivity and have become one of the most commonly used means to prevent, destroy, repel or mitigate pests, including insects, rodents, and weeds, in agriculture throughout the world. OPPs are a group of relatively small molecules that act as acetylcholinesterase inhibitors. Their acute toxicity and widespread use have attracted intensive worldwide concern about trace amounts of residues on agricultural products that might cause longterm health effects (Vongsvivut et al., 2010) . OPPs are widely used in fruit and vegetable crops (Kegley and Wise, 1998) . Dimethoate (O,O-dimethyl S-(N-methyl carbomoylmethyl) phosphorodithioate) is highly effective and is among the most widely used OPPs. Dimethoate is both an insecticide and acaricide with both contact and stomach action. Dimethoate residues in food pose potential health risks, such as depression, anxiety, or irritability, and longterm exposure to high levels can lead to aplastic anemia and cancer (Fleming et al., 2012) . In recent years, there has been growing concern among consumers about pesticide contamination in fruits. Therefore, rapid, reliable, and consistent detection methods for OPPs, especially dimethoate, are crucially needed.
A variety of analytical methods suggested by the Collaborative International Pesticides Analytical Council (CIPAC) for quality control of pesticide formulations are based on chromatographic analysis, such as gas chromatography (GC) (Ortelli et al., 2005; Rawn et al., 2006; Yan et al., 2010) , high-performance liquid chromatography(HPLC) (Banerjee et al., 2007; Cheng et al., 2009; Tsochatzis et al., 2010; Tuzimski, 2011) , liquid chromatography with mass spectrometry (LC-MS) (Liu et al., 2005; Grimalt et al., 2007) , and liquid chromatography with tandem mass spectrometry (LC-MS/MS) (Frenich et al., 2004; Wong et al., 2004) . In recent years, new analytical methods for detection of fruit pesticides have been reported, including fluorescence polarization immunoassay (Kolosova et al., 2003) , multi-enzyme inhibition assay (Walz and Schwack, 2007) , and biosensors (Valdés-Ramírez et al., 2008) . Although, these methods can be used to detect trace amounts of pesticides, they are timeconsuming, labor-intensive, and expensive, making these analytical approaches less attractive and limiting laboratory, real-time, and field detections to some extent (Tang et al., 2011) . Therefore, reliable, accurate, and rapid detection of pesticides is important for protecting the environment and human health (Sato-Berrú et al., 2004) .
Raman spectroscopy is a highly specific detection method that enables identification of molecules through their specific molecular fingerprints. Unfortunately, the sensitivity of Raman spectroscopy is quite low, so it cannot be used for analysis of samples at low concentrations. However, this weakness can be overcome through the use of surface-enhanced Raman scattering, which can enhance the weak Raman signal up to 10 6 or even 10 14 times, dramatically extending the range of available applications (Zamuner et al., 2009 ). This technique does not require the pretreatment that is required by other analytical techniques. It allows obtaining high-quality vibrational spectra of samples adsorbed onto nanostructured metal surfaces, including colloids, electrodes, and thin films (Aroca et al., 2005) . Surface-enhanced Raman spectroscopy (SERS) has already been applied for characterization of adsorbatemetal surface interfaces (Smitha et al., 2011) , biological samples (Manno et al., 2010) , single molecules or particles (Tan et al., 2011) , and detection of environmental pollutants (Liu et al., 2011b) .
Many studies have indicated the great potential of SERS as an analytical tool for food contaminants and some adulterants, including detection of organophosphate and carbamate pesticides in fruit using gold nanostructures (Liu et al., 2012) , determination of chloramphenicol and crystal violet in seafood (Lai et al., 2011a; He et al., 2008) , analysis of restricted sulfonamide residues and the banned food dye Sudan 1 (Lai et al., 2011b; Cheung et al., 2010) , quantitative detection of carbaryl with silver nanoparticle-coated silicon nanowire arrays , analysis of fonofos pesticide on silver and gold nanoparticles (Vongsvivut et al., 2010) , quantification of trace amounts of melamine and its analogs with gold nanosubstrates (He et al., 2008; Liu et al., 2010) , and study of the adsorption of the insecticide cyromazine on silver colloid (Mukherjee et al., 2001) .
The goal of this study was to investigate the feasibility of using SERS technology with a Klarite substrate for quantitative analysis of dimethoate. Standard solutions of the pesticide were used to gain a better understanding of the detection limit. Different preprocessing methods and wavelength bands were compared to the PLS calibration models. This study could be used as the basis for further studies on detecting pesticide residues in fruit.
MATERIALS AND METHODS

MATERIALS AND REAGENTS
98.6% purity) was purchased from AccuStandard, Inc. (New Haven, Conn.). Due to its hydrophobicity and the limited solubility of the analyte in water, a stock solution of 100 μg mL -1 dimethoate was prepared by subsequent dilution in high-purity methanol (HPLC reagent, Sigma-Aldrich, St. Louis, Mo.). Methanol was recommended as a solvent for dimethoate to prepare a series of standard solutions. Mixtures of methanol and ultra-pure water at a ratio of 1:1 were used to prepare a range of standard solution concentrations from 0.5 to 10 μg mL -1 at 0.5 μg mL -1 intervals. The SERS process requires a 0.2 μL dimethoate solution. To acquire the spontaneous Raman spectra, solid pesticide powder was deposited on a glass slide and then pressed to form a thin film.
INSTRUMENT AND RAMAN SPECTRA ACQUISITION
A Nicolet DXR microscope Raman spectrometer (Thermo Fisher Scientific Corp., Madison, Wisc.) was used to collect the confocal Raman micro-spectra and SERS spectra with a CCD array detector. The excitation wavelength was 780 nm. This system has an Olympus optical microscope with 10×, 20×, 50×, and 100× power, a high spatial resolution (<1 μm), and a 14 mW maximum power diode laser. The resolution of the confocal depth was 2 μm.
The SERS spectra were collected using Klarite SERSactive substrates (Renishaw Diagnostics, Ltd., Glasgow, U.K.) with an active area of 4 mm × 4 mm. These substrates were fabricated on silicon wafers coated with gold and had regular arrays of inverted square pyramid subunits that were about 1 μm deep and 1.8 μm long, while the distance between subunits was about 0.4 μm (Liu et al., 2012) . Klarite has shown potential in detection of trace amounts of melamine, cyanuric acid, and melamine cyanurate, as well as Bacillus spores (Szeghalmi et al., 2007; He et al., 2008) .
To acquire the surface-enhanced Raman spectra, 0.2 μL of dimethoate solution was placed onto the active area of the Klarite substrate. The solvent was then evaporated at room temperature, leaving a thin film of analytes at the surface. Fifteen Raman spectra of dimethoate were collected at different locations on the substrate. Spectral data were collected using Omnic software of (Thermo Nicolet Corp., Madison, Wisc.). In this study, all Raman spectra collections were carried out from 200 to 2000 cm -1 with the same experimental conditions (5 cm -1 resolution, 17 mW laser power on the sample, and 5 s exposure time), and spectra at 15 representative positions were recorded for all samples.
DATA PROCESSING AND ANALYSIS
Raman and SERS spectral data sets were analyzed using Opus software (ver. 6.5, Bruker Optik GmbH, Ettlingen, Germany). Partial least squares (PLS) regression was used to develop the analysis models. To compare the effects of preprocessing on the prediction performance of the PLS calibration models, data preprocessing algorithms, including first and second derivative transformation, standard normal variate (SNV), and multiple scattering correction (MSC), were used to remove background interference and increase the signal-to-noise ratio (Liu and Ying, 2006) .
The prediction accuracy of the models was evaluated using the correlation coefficient (R), root mean square error of cross-calibration (RMSECV) or prediction (RMSEP), bias, slope, and offset. The R and RMSEP values were the main parameters used to evaluate model performance in this study. The slope and bias should be taken into consideration for distinguishing systematic errors and measuring the average difference between reference and predicted values. Generally, a good model should have a high R value and low RMSECV, RMSEP, and bias values (Liu and Ying, 2006) .
VARIABLE SELECTION
Wavelength selection involves selecting a subset of spectral regions with which the established calibration model produces the minimum errors in prediction. Wavelength selection not only enhances the stability of the model, resulting from the collinearity of multivariate spectra, but also helps in interpreting the relationship between the calibration model and the sample compositions. The selection of appropriate portions of the spectra is also crucial to the performance of the calibration model.
In this study, according to the SERS spectrometer, the SERS spectra were divided into three regions, and calibrations were performed for each spectral region as well as for combinations of them: wavelength band 1845.5±199.5 cm -1 (according to the Raman and SERS spectra) and wavelength bands 1845.5±1186.9 cm -1 , 1023±199.5 cm -1 , 1022.0±199.5 cm -1 , and 1681.5±199.5 cm -1 (based on the Opus software). For each region, PLS models with 1 to 20 factors were investigated. Model performance was evaluated by comparing the standard error of calibration and the standard error of prediction. Figure 1 shows the molecular structure and SERS spectrum of dimethoate. The pesticide molecules may be adsorbed onto the Klarite substrate at different orientations, and the types of adsorption sites on the substrate also varied, which contributed to significant broadening of the Raman signals. The molecular orientations when attached to the substrate and the types of adsorption sites also affect the wavenumbers of the Raman signals (Steven and Narayana, 2008) . The same major peaks in the Raman spectrum of dimethoate, such as the peaks at 650 and 766 cm -1 , were prominent in the SERS spectrum. However, some prominent peaks (such as 257 and 498 cm -1 ) in the spontaneous Raman spectrum of dimethoate may not be prominent peaks in the SERS spectrum. It was reported that peak splitting observed at 407, 498, and 1166 cm -1 for dimethoate can be respectively assigned to P−O−C deformation, CH 3 torsion vibration, and C−C stretching vibration (Thomas, 1974; Lin-Vien et al., 1991) . Figure 2 shows the Raman spectra of solid dimethoate, of dimethoate solution at 10 μg mL -1 , and the SERS spectrum of dimethoate solution at 10 μg mL -1
RESULTS AND DISCUSSION
SPECTRAL FEATURES OF DIMETHOATE
. As shown in figure 2, a strong Raman signal can be found in the spectrum of solid dimethoate, but no detectable signal was found at low concentrations (10 μg mL -1 ) of dimethoate solution, which was due to the low sensitivity of Raman spectroscopy. However, when this concentration was deposited on the Klarite substrate, the characteristic SERS spectrum is clearly observed (fig. 2c ). Figure 2 clearly shows that the enhanced SERS signals on the active area were stronger, compared to no Raman signal on the inactive area.
The main wavenumbers of these spectra as well as the assignments derived from the calculation are listed in table 1. According to the Raman spectrum of solid dimethoate, major peaks were located at several positions, including 1449 cm -1 caused by O=C−N I or O=C stretching, 1227 cm -1 caused by ρ(P−O−CH 3 ), and 913, 834, 766, 650, 498 cm -1 , etc. Compared with the spectrum of solid dimethoate, the SERS spectrum of dimethoate solution included some closely similar major peaks at 258, 368, 401, 497, 650, 766, 913, and 1450 cm -1 . Most of the peaks were greatly enhanced by SERS. 
1450 ( Finally, according to the literature on specific vibrations found in dimethoate, specific vibrations were found for the basic P=S stretching vibration in the region 750 to 535 cm -1 , for P-S stretching vibration in the region 613 to 440 cm -1 , and for P−O−CH 3 in the region 1088 to 1015 cm -1 (Thomas, 1974; Lin-Vien et al., 1991) . Our measured dimethoate bands are similar to the data found in the literature.
QUANTITATIVE ANALYSIS OF DIMETHOATE FORMULATIONS
SERS Spectral Pretreatment
Generally, noise and systematic behavior are undesirable features in SERS spectra. To solve these problems, the original spectra were preprocessed with MSC, first and second derivatives, SNV, and first derivative combined with SNV. Figure 3 shows the first derivative and SNV preprocessed SERS spectrum of the dimethoate solution. Table 2 shows the results of the different pretreatment methods for the calibration models in the whole spectral region. The highest R value was achieved by using the first derivative combined with SNV. The highest correlation coefficient of calibration (R C ) was 0.979, and the lowest RMSEC value was 0.821, while the correlation coefficient of prediction (R P ) for the validation model was 0.968, and the lowest RMSEP value was 0.626. Figure 4 is a scatter plot of the best validation model built by PLS with the best preprocessing method, which shows the correlation between the reference and predicted values of dimethoate solution concentrations. The offset was 0.092.
Variable Selection and Analysis Model Construction
The SERS spectra were measured in the range of 2000±199.5 cm -1 and the valid wavelength range is 1845.5±199.5 cm -1 . In order to compare the results of different wavelength ranges, the ranges of 1845.5±199.5 cm -1 , 1845.5±1022 cm -1 , 1351.8±199.5 cm -1 , 1023±199.5 cm -1 , and 1681.5±199.5 cm -1 are discussed in this study. The calibration set was selected with the aim of providing strong calibration for the dimethoate solution concentrations by maximizing the variability among sample compositions and obtaining a wide range of spectra. Selection of the optimum wavelength range for the best prediction model was done by PLS analysis with the preprocessing method of first derivative and SNV. The prediction results for the different wavelength ranges are present in table 3. The optimum wavelength ranges for the best performance of the predictive model were 1845.5±1186.9 cm -1 and 1023±199.5 cm -1 . These regions achieved the best calibration performance results.
Determining the Best Analysis Model
Based on the above results, calibration analysis models were built in the wavelength ranges of 1845.5±1186.9 cm -1 and 1023±199.5 cm -1 for first derivative and SNV SERS spectra using the PLS technique. The best analysis model was obtained with high correlation coefficients (R C = 0.979 and R P = 0.969) and low RMSEC (0.816) and RMSEP (0.626) values. Figure 5 shows a scatter plot of the best model built by PLS with first derivative and SNV in the optimal spectral range. The offset is 0.036. 
COMPARISON TO OTHER RESEARCH
Some studies have been reported about the detection of pesticides in fruit and vegetable and indicated the great potential of applying SERS as an effective analytical tool for fruit contaminants. Armenta et al. (2004) reported two vibrational spectrometry methods (FT-IR and FT-Raman) for cyromazine determination of solid pesticide formulations, and detection limits of 0.2% and 0.8% (w/w) were obtained for FT-IR and FT-Raman, respectively. Zhang et al. (2006) used Raman spectrometry at 514.5 nm and 1064 nm and FT-Raman to study several vegetable and fruit pesticides (abamectin petroleum oil, chongmanjue, cypermethrine, and zhibaoboshi). The Raman spectra of fruits and pesticides were successfully recorded, and pesticides on the surfaces of fruits could be identified conveniently using the FT-Raman spectra. Valdés-Ramírez et al. (2008) presented the construction of an amperometric biosensor for highly sensitive detection of the organophosphorus insecticide dichlorvos. The pesticide was measured in the presence of 5% acetonitrile, and the biosensor was used to quantify dichlorvos on a sample of apple skin. Vongsvivut et al. (2010) studied the SERS spectra of fonofos and organophosphorus pesticide. The spectra were recorded using citrate-reduced silver (Ag) and gold (Au) colloidal nanoparticles in the form of dried films. In this study, significant enhancements were achieved with fonofos concentrations down to approximately 10 × 10 -6 with the Ag colloids, demonstrating the potential of the technique in the analysis of fonofos residues. Wang et al. (2012) reported that a surface-enhance Raman scattering sensor made of Ag nanoparticle-coated silicon nanowire (SiNW) arrays was fabricated for the quantitative detection of carbaryl (nitrogen pesticide). The wire arrays exhibited a superior detection sensitivity of 10 -17 M for Rodamine 6G with high reproducibility. Liu et al. (2011a) studied the shell thickness-dependent Raman enhancement of silver-coated gold nanoparticles (Au@AgNPs) for identification and detection of pesticide residues on various fruit peels. Liu et al. (2012) used SERS with gold-coated SERS-active nanosubstrates to detect and characterize pesticides extracted from fruits surfaces. Three types of pesticides (carbaryl, phosmet, and azinphos-methyl) , widely used on apples and tomatoes, were selected. They concluded that SERS was able to detect all three types of pesticides extracted from fruit samples at the parts per million level, and the detection limit demonstrated that, at a 99.86% confidence interval, SERS could detect carbaryl at 4.51 × 10 -6 , phosmet at 6.51 × 10 -6 , and azinphos-methyl at 6.66 × 10 -6 on apples, and carbaryl at 5. 35 × 10 -6 , phosmet at 2.91 × 10 -6
, and azinphos-methyl at 2.94 × 10 -6 on tomatoes. The studies mentioned above indicate the potential applications of SERS with chemometric methods for determination of dimethoate. However, limitations of the above-mentioned studies in comparison to the present study include the following: different types of Raman spectrometer, different SERS-active nanosubstrates, different types of pesticide, different levels of pesticide concentration, and different sample extraction and chemometric methods. Therefore, the performance of the models in terms of quality or quantification lacks of robustness and stability.
This study is the first to report micro-surface-enhanced Raman spectroscopy (SERS) using analysis of the typical organophosphorus pesticide dimethoate. Huge enhanced Raman signals at low concentrations of 0.5 to 10 μg mL -1 were acquired by confocal Raman micro-spectrometry with Klarite substrate. Combined with the PLS method, different data preprocessing methods and wavelength selection, quantitative models for dimethoate solutions were developed and validated. The analysis model had the highest correlation coefficient (0.969) and the lowest root mean square error of prediction (0.626) with the first derivative combined with standard normalized variate (SNV) SERS spectra and the wavelength bands of 1845.5±1186.9 and 1023±199.5 cm -1 . This study indicates that SERS coupled with a nanosubstrate is a potential tool for rapid quantification of pesticide residues at 10 -6 concentration levels.
However, the prediction by the analysis model in our study was affected by the following factors: first, the small sample size and the limited dimethoate concentration level, which ranged from 0.5 to 10 μg mL -1 ; second, the cost of the substrate and the heterogeneous nature of Klarite, as well as the complicated mechanism of SERS enhancement (Lai et al., 2011a) . Finally, the molecular orientations and binding sites of dimethoate absorbed onto the substrate influenced the SERS enhancement and resulted in shifts in band positions, which caused difficulty in applying SERS for quantitative analysis (Sajan et al., 2008; Smitha et al., 2011) . In this study, a relatively simple system (dimethoate solution on a substrate) was used in the quantitative analysis. In future research, we should apply SERS methods to test for chemical samples on fruit and find extraction standards for the fruit samples. We also need to use different kinds of organophosphate pesticides and different concentration levels.
CONCLUSIONS
This study demonstrated application of the SERS technique coupled with a Klarite substrate in trace analysis of a hazardous pesticide (dimethoate) at 10 -6 concentration levels. Huge enhanced Raman signals of the pesticide at low concentrations of 0.5 to 10 μg mL -1 were acquired by confocal Raman micro-spectrometry with the Klarite substrate. The observed spectra were analyzed by comparison with the normal Raman spectra of dimethoate. PLS regression combined with different data preprocessing methods and wavelength selection was applied to develop quantitative models for the dimethoate solutions. The results of the PLS models suggested that Klarite was a good SERS-active substrate for qualitative and quantitative analysis of dimethoate, as well as for practical applications in pesticide residue analysis of food. This study indicated that SERS coupled with a nanosubstrate is a potential tool for rapid quantification of pesticide residues at 10 -6 concentration levels.
